To develop a mathematical model that adequately represented the pattern of craniofacial growth in class III subject consistently, with the goal of using this information to make growth predictions that could be amenable to longitudinal verification and clinical use. MATERIALS AND METhODS:
Introduction
Over the past century, a wide number of methods have been proposed and applied for the accurate prediction of craniofacial growth, in terms of both magnitude and direction. However, the capability to forecast the variations of normal growth correctly still is limited due to the complexity of the interactions of genetic and environmental factors that may act synergistically or in isolation (Johnston, 1968; Solow, 1980; Battagel, 1994; Franchi et al., 1997; Nanda, 2000; Baccetti et al., 2004) . Although several authors have attempted to reduce the enormous amount of craniofacial data for predicting the class III favourable or unfavourable growth, so far no agreement has been reached on which specific morphological variables are associated with (or generative of) this dentoskeletal imbalance (Williams and Andersen, 1986; Battagel, 1994; Zentner et al., 2001; Zionic et al., 2009) . As suggested by Gramling (1995) , growth predictors of malocclusion should not be considered individually; their integration is the key to prediction, as every child demonstrates a unique sequential pattern of events that does not necessarily coincide with the growth curves of the general population.
The craniofacial region can be regarded as a complex non-linear system that grows and shapes itself, moulded by an intricate network of forces (Liebgott, 1977; Moyers et al., 1979; Bishara and Jakobsen, 1985) . The most important property of such ubiquitous systems (e.g. ecosystems, cellular networks, the central nervous system, the Internet, weather patterns) is the ability to generate the 'emergent order' naturally arising from the organizing relations of the parts (Ma'ayan et al., 2004; Mesarovic et al., 2004) . During their evolutionary process, non-linear complex systems are attracted to specific states that are robust and capable of maintaining the same essential structure despite perturbations. This 'stable order' cannot be understood by studying the component of the system individually but only by studying how the parts interact (Seeley and Christou, 2000) .
All the component of craniofacial system can be considered a part of a large network of interacting factors. Understanding how an orthodontic system is configured by its multiple parts cannot be achieved by radiographic records only; such an understanding also requires substantial theoretical analyses and a tight integration of both methodologies (Solow, 1980) . This integration should lead to the development of predictive models: mathematical modelling can assist in this process by integrating the behaviour of multiple components into a comprehensive model that goes beyond human intuition and also by addressing questions that are not accessible to clinical observation alone (Janes and Yaffe, 2006) . Models of complex systems exploit the local interaction of elementary microprocesses, which simulate the operation of the main process. These models are self-organizing and connect to the global process they are part of, trying to reproduce the complexity through the creation of specific and autonomous local topologies and rules (Albert, 2007) .
Network analysis, a powerful extension of earlier mathematical modelling approach, recently has gained popularity in economics, ecology, computer science, and engineering due to its power to characterize the main structural properties of these systems quantitatively (Barabasi, 2003; Caldarelli, 2007) . Network analysis provides evidence of several shared regularities in complex biological processes, suggesting general and common self-organizing principles beyond the specific details of the individual systems (Barabasi, 2009) .
A network, or in more formal mathematical way a 'graph', is a schematic representation that reduces the system under investigation to an abstract structure capturing the basis of connection pattern. This model represents relationships (links, edges) between entities (nodes, vertices) that could be found between dentoskeletal components in the craniofacial system (Junker and Schreiber, 2008) . What matters is the architecture of relationships: the goal of network investigation is to better understand the component interaction and dependencies in the network (in medicine, for purpose of therapeutic targeting) to address answers to questions such as:
1. How tightly are the characteristics (nodes) grouped together (by edges)? 2. What are the best measures that capture the most salient features of a network? 3. How many different influences does an entity receive? 4. What are the constraints or processes that determine how networks grow and change?
Recently, Auconi et al. (2011) reported the different organizational structure of class I, II, and III malocclusions by connecting functional and morphologic craniofacial features through Network analysis. The reconstruction of the interaction network allowed the identification of pathway concerning morphometric key determinants of these dentoskeletal imbalances.
Within each malocclusion, the individual clinical membership rate can vary considerably (Dibbets, 1996) . It is well known that a subject belonging to a cluster-for instance, a cluster of hyperdivergent (HD) patients-can share some characteristics with a subject belonging to another clusterfor instance, a cluster of mandibular prognathism [hypermandibular (HM) patients]-and so on. Therefore, the correct approach to the orthodontic patient is a clustering analysis derived from 'fuzzy' logic (Kosko, 1993) .
In contrast to traditional logic theory in which binary sets have two values, 'true' or 'false', fuzzy logic variables may have truth values that span continuously between 0 and 1. Fuzzy cluster analysis allows the assignment and quantification of an individual membership grade to a specific cluster ('winner cluster') and also to identify a minor membership grade to the other clusters (Kosko, 1993) .
The aim of the present study is to introduce a novel orthodontic paradigm based on complex non-linear systems and evaluate its application to class III craniofacial growth regulation. The hypothesis is that the progression of this type of dentoskeletal imbalance could be inferred from a combination of Network and Fuzzy cluster profiles, and that such a representation could be congruent with biological principles that regulate and co-ordinate activation or repression of craniofacial characteristics during the growth process.
To verify this hypothesis, we developed a computational model that could 1. represent and forecast class III craniofacial growth processes consistently, 2. manage the huge complexity of craniofacial feature interaction into a unifying framework, 3. reveal emergent properties and unanticipated consequences of different pathway configurations, and 4. be amenable to longitudinal verification.
Materials and methods

Subjects
Pre-treatment lateral cephalometric records of 429 untreated class III Caucasian female patients, collected from the Department of Orthodontics of the University of Florence, Italy, and from the Graduate Orthodontic Program at the University of Michigan, Ann Arbor, MI, were analysed. All subjects were enrolled previously in large descriptive estimates of craniofacial growth in class III malocclusion (Franchi et al., 1997; Baccetti et al., 2005; Reyes et al., 2006; Zionic et al., 2009) . The age ranged from 7 years 2 months to 17 years 3 months.
To be included in this study, the patients had to satisfy all of the following criteria: The subjects were examined separately in four female age groups: group G1 (from 7 to 10 years) 195 patients, group G2 (from 11 to 12 years) 135 patients, group G3 (from 13 to 14 years) 105 patients, and group G4 (from 15 to 17 years) 99 patients.
The cephalometric analysis was comprised 21 variables (10 linear and 11 angular; Table 1 ). The data contained in each cephalogram were entered into cephalometric software (Dentofacial Planner Plus™, Version 2.5, Toronto, Ontario, Canada). A standardized enlargement factor (8 per cent) was applied to all linear cephalometric measurements.
The error of the method for the cephalometric measurements was evaluated by repeating the measures in 100 randomly selected cephalograms. Error was on average 0.8 degrees for angular measures and 0.9 mm for linear measures.
Networks
A network is, in its simple form, a collection of points (nodes, vertices) joined together in pairs by lines (edges, links). In Figures 1 and 2 , each node represents a cephalometric parameter, and the value of the link is the strength of the correlation between two nodes. Network analysis allows to characterize some features of the system under examination, i.e. robustness, distance between nodes, number of links for each vertex (grade), etc. By using KNIME (www.knime. com), a Pearson correlation coefficient was calculated for each variable. Each correlation coefficient can be considered as the weight of a link between two variables. In order to extrapolate the information present in the whole correlation matrix and sort out relevant features with their global correlations, some filtering had to be applied. A cut-off to correlation values was used to consider only the most significant correlations (Caldarelli, 2007) . Networks were visualized using the yEd (www.yWorks.org) software with the standard layout. The choice of filtering at |rxy| > 0.40 reduced the complexity of the system and permitted the identification of many characteristics simply by visual inspection. In particular, it was very easy to identify bridge nodes, i.e. nodes whose absence would split the graphs in two or more separate parts. Bridge nodes are important because they allow the detection of separate subsystems (sets of highly correlated features), and they represent the connection among such subsystems. In contrast to most previous studies on networks, negative correlations were not discarded in the current study.
Additionally, the Closeness Centrality, a measure of how much a network centres on a particular set of nodes, was calculated by using Cytoscape (www.cytoscape.org). Closeness Centrality is a measure of how fast information spreads from a given node to other reachable nodes in the network; it relates to how often the node is present in the traffic load of information and indicates the relevance of a node as functionally capable of holding together communicating nodes of the system. Moreover, the Closeness Centrality was used as a measure of how fast information spread from a given node to other reachable nodes in the network (Klemm and Bornholdt, 2005; Junker and Schreiber, 2008) . Values for Closeness Centrality can vary from 0 to 1.
Fuzzy clustering
In orthodontic research, clustering concepts have been fundamental to data analysis, data reduction, and classification. In 'hard' clustering, data are divided into distinct clusters, where each data element belongs to exactly one cluster. In 'fuzzy' clustering, data elements can belong to more than one cluster, and associated with each element is a set of membership levels. These levels indicate the strength of the association between those data elements and a particular cluster. Fuzzy clustering is a process of assigning these membership levels, and then using them to assign data elements to one or more clusters (Kosko, 1993) . Fuzzy c-means is a method of clustering that allows one piece of data to belong to two or more clusters (www.knime.com). This method frequently is used in pattern recognition. The application of Fuzzy cluster analysis to class III patients allowed to characterize three distinct class III phenotypic groups. The models were validated against an independent semi-longitudinal sample of 28 female subjects with untreated class III malocclusion collected at the Department of Orthodontics of the University of Florence and the Graduate Orthodontic Program at the University of Michigan.
Results
To classify skeletal class III malocclusion into subgroups that showed the combinatorial characteristics of the dentoskeletal imbalance, three clearly distinguishable clusters were identified and presented as prototypes. After having subjected combinations of three to six variables to cluster analysis, the following four parameters provided the best phenotypic grouping of patients: Co-A, Co-Gn, SNB, and P22 (a combination of SN-GoGn and ArGoMe angles). Fuzzy cluster analysis defined three clinical clusters: subjects with increased mandibular dimensions (HM or the HM cluster: 47 subjects in the G1 group of 195 female patients), subjects with increased maxillomandibular Fuzzy clustering algorithms were used to measure the degree of belonging to each feature vector in a cluster. Each feature may be assigned to multiple clusters, with some degree of sharing, as measured by the membership function. In other words, this analysis made it possible to assign to each patient the exact degree of membership to each orthodontic phenotype during the growth process.
An example of this repartition is presented in Table 2 . Alisha, Amanda, and Emily are three 9-year patients with class III malocclusion. Alisha has a degree of truth (in relation to the HM feature) much higher with respect to Amanda and Emily. Emily has a degree of truth (with respect to the HD feature) much higher than Alisha and Amanda, and Amanda has balanced clinical class III malocclusion features. Figures 1 and 2 show the Network analysis of a group of class III female patients with characteristics of increased maxillomandibular divergence (HD, 200 subjects) and increased mandibular dimensions (HM, 164 subjects) of four different age groups. Network analysis clearly shows the presence of cephalometric links and nodes that persist during the growth process of HD and HM patients ('kernel features'). Supplementary Figures 1 and 2 show the 'emergent' links and nodes that appear during the growth process from 7 to 17 years of age in HD and HM patients.
Some network metrics can be useful to understand the importance of emerging nodes and links during the growth process. Table 3 illustrates the variables with the three highest values for Closeness Centrality in G1 and G4. In HD patients, the Closeness Centrality values clearly are different when compared with HM patients at both G1 and G4 (Table 3) . In HD patients, SN-GoGn node at G1 and SNB node at G4 showed the highest Closeness Centrality values, whereas N-Me node at G1 and overbite node at G4 showed the highest Closeness Centrality values in HM patients.
The evolution of phenotypic characteristics, and hence the individual winner membership grade, is reported in Table 4 . The subjects who during an early age exhibit a high membership grade to the 'winner cluster' (greater than 60 per cent) remained in the same cluster during the growth process. One subject (subject number 15 in Table 4 ) starting with a low membership grade showed a change of the 'winner cluster' during the growth process. Of the remaining 27 patients, 23 exhibited a tendency to increase their membership grade to their winner cluster during the course of further growth.
Discussion
Craniofacial growth and development involves a complex series of transitional states that make it difficult to predict the final developmental pattern. The growth process, which can be viewed as a competition process between schemes, is influenced by the original size of and the spatial relationships between the different facial components (Johnston, 1968; Bhatia et al., 1979; Buschang et al., 1990; Nanda, 2000; Zentner et al., 2001) . A previous study proposed discriminant function analysis for growth prediction in 115 untreated class III patients (Abu Alhaija and Richardson, 2003) . Discriminant analysis on the initial radiographs of the class III untreated subjects who subsequently grew favourably or unfavourably produced correct outcome prediction in 80 per cent of subjects.
Almost half-century ago, Horowitz and Hixon (1966) stated that the size of the facial dimensions at one age was of minimum usefulness when used as an indicator of future growth. Because of the wide individual variations from the average, these authors concluded that no morphologic trait could enhance the orthodontist's ability to predict future changes. Many years later, Chvatal et al. (2005) confirmed that adolescent growth changes were independent from the child growth changes; patients already classified as having vertical growth actually can 'crossover' and show a horizontal growth patterns later in development.
Also in the research of Bhatia et al. (1979) , no close association was found between clusters and growth characteristics; a particular cluster membership at 9 years of age was a poor predictor of cluster membership at 17 years of age. The weak correlations between craniofacial measurements obtained during childhood and measurements at adolescence probably are related to the often forgotten consideration of the percentage in which the various growth features are represented in every single patient.
Using Fuzzy clustering analysis, there is the possibility to mitigate, or totally eliminate, the variability within individual growth curves, assigning to each patient the exact membership percentage to a specific craniofacial phenotype, i.e. to a cluster compact enough to be projected forward longitudinally. Our computational system measures and models the interaction structure of craniofacial components during The cephalometric variables presenting the three highest values for Closeness Centrality in G1 (7-9 years) and G4 (14-17 years) are reported. the growth process to derive predictions about the future behaviour of the system, through the analysis of evolutionary strategies (instead of morphology) relating to the past, and to the current convergence of these strategies in distinct individual orthodontic phenotypes. Through analysing the organizational scheme of class III malocclusion at various ages through Network analysis, we have identified some links and nodes that persist during the growth process of HD and HM patients ('kernel features'; Figures 1 and 2) , and some links and nodes that 'emerge' during the growth process ( Supplementary Figures 1 and 2) . Hypothetically, these strong structures that always are evident during the process of craniofacial growth can be considered as stable class III growth 'attractors'. On the other hand, the correlations and nodes that arise during development can be considered as 'emergent' factors that differentiate the phenotypes at the bifurcations of the growth process.
In Network analysis, robustness features are encapsulated in tightly connected structures named by Kitano (2002) 'Highly conserved core processes'. The network of the invariant features of the HM patients shows a subdivision between structural (Figure 2 , left side) and adaptive nodes (Figure 2, right side) . Probably, this robustness breakdown weakens the already known reduced dentoalveolar compensatory mechanism further (mainly by adaptation in mandibular incisor alveolar and basal heights) exhibited by several class III patients (Solow, 1980; Betzenberger et al., 1999) . Owing to their prominent role in the class III craniofacial growth process, these network 'hubs' presumably represent the priority nodes in the treatment approach to class III malocclusion.
Network metrics such as Closeness Centrality (the measure of how much a network centres on a particular set of nodes) shows the relevance of different nodes in HD and HM patients (Table 3 ). In particular, in HD patients SN-GoGn node at G1 and SNB node at G4 showed the highest Closeness Centrality values, whereas N-Me node at G1 and overbite node at G4 showed the highest Closeness Centrality values in HM patients. Closeness Centrality eliminates the artificially high correlation coefficients between system variables that are growing together as well as spurious correlations due to geometrical relationship, such as angles in the Tweed triangle (Solow, 1980) . A biological complex system lives between a past that accumulates and a future that develops by imposing itself into the present. It forms the structures that create the conditions for its further growth (Mayr, 1982) . Evolutionary processes depend both on interaction of general mechanisms that operate as constraints (the 'laws'), and on the variety and space-time singularity of local events. During the craniofacial growth process, the area in which changes may happen is circumscribed, limited by the nature of the changes that have occurred previously (Ford and Lerner, 1992; Seeley and Christou, 2000; Kitano, 2002) . Biomechanical laws do not cover orthodontic topics such as dentoalveolar selforganization, robustness, fragility, coherence, and growth attractors, all of which play a role in skeletal development. During the mixed dentition period, each tooth accomplishes an 'orthodontic game' for intercepting arch space, maximizing their eruptive capacity, and decreasing the relative fitness of competitors by making space resources less available for its neighbours. The race is to win a scarce resource: for this purpose, dominance strategies (high membership to the winner cluster, high convergence of orthodontic features into a specific phenotype) or collaborative strategies (low membership to the winner cluster, mixed orthodontic features) are implemented. The results of these 'games' can be appreciated during craniofacial growth, as a result of fitness-maximizing occlusal processes and autoorganizing adaptive dynamics involving teeth, muscles, skeleton, articulations, and ligaments.
In a biological complex system, each component that follows a dominant strategy has no tendency to change; in contrast, those who follow a mixed strategy often are exploring, in search of a better strategy (Nowak and Sigmund, 2004) . The prediction depends on the traits and processes that the model represents as being decisive in competition and coexistence. The transfer of the biological optimization concepts into the orthodontic field does not look for one answer but for a probability distribution of responses. Integration of data that examine the orthodontic growth process from different viewpoints can lead to a more coherent reconstruction of the biological principles that couple the different radiographic measurements, on the basis of which to make the best forecast about the evolution of the craniofacial system.
Our longitudinal observations about class III patients show that, at least in part, these processes are depicted by membership grade to the individual Fuzzy cluster (Table 4) . We must start from the choice of the probability distribution that would be obtained by summing all the possibilities allowed by the auxologic laws. At the beginning of the growth process, we know almost nothing, so we cannot rule out anything that is possible. Everything that is not explicitly excluded by clinical and radiographic information available has a certain chance to occurring.
Network and Fuzzy cluster analyses help the clinician to restrict the probability distribution about the evolutionary characteristics of the craniofacial system. As we have stated previously, a basic type of orthodontic interaction acts not only according to morphological phenotypes but also to 'strategy' or 'behavioural phenotypes'. As in the botanical framework (investment on height strategy improves the access to light at the expense of neighbouring plants), the teeth's pay-off, which translate into oral fitness, depends both on individual and overall teeth strategy with regard to the space available (Falster and Westoby, 2003) . The outcomes of these growth strategies largely overlap in the population of orthodontic patients; each patient carries some orofacial characteristics that are part of the fitness landscape of another patient.
The 'winner cluster' represents the predominant orthodontic feature in each patient: a starting high membership grade for the winner cluster (greater than 60 per cent) suggests that orthodontic system falls in an 'absorbing state' with a pure dominant strategy and constitute a prerequisite for the prediction of linear skeletal growth (Table 4) .
The cephalometric data of 28 patients followed over time confirm our hypothesis: only 1 out of 28 patients has shown a shift towards an alternative cluster during the growth process. This subject (low membership grade) showed the coexistence of mixture of growth alternatives, i.e. a collaborative pattern that incorporates the plasticity of multiple strategies and the volatility of growth trajectories, making the growth forecasting problematic (see patient number 15 in Table 4 ).
Over the next years, orthodontics will move towards personalized predictive and preventive modes, using an increasing amount of informative tools. Our data-driven models obtained from computational analyses are not claiming to cancel the uniquely individual growth variation and complexity in facial proportions throughout the period of the development of the dentition. They do not represent pretentious mathematical formalisms about ever evasive quality concepts such as balance and harmony, neither a parallel consciousness that goes beyond the cognitive abilities of the clinician (Franz, 1968; Shira, 1987; May, 2004) . With respect to other approaches like the 'Floating norms' proposed by Segner (1989) that are based on the association of few cephalometric variables with linear regression equations, Network approach focuses on collective properties of the global structure of the interactions within the craniofacial system. The present study showed that this theoretical structure can provide an adjunctive valuable diagnostic tool for understanding the interaction of processes driving the long-term evolution of class III skeletal phenotypes. The fundamental question is whether this approach can have an impact on everyday clinical practice, usefully affecting our perception of orthodontic reality, addressing a world of complex organization (for which a unified theory is unlikely to exist). Our present challenge is to collect further acquisitions to make this explorative methodologies applicable in the orthodontic practice.
Conclusions
By using Network and Fuzzy cluster analyses, three class III auxological tendencies (HD, HM, and Bal) were found. The main findings of the present study were as follows: 1.A facial pattern already well established at the age of 7-9 years maintains the same characteristics in the course of development, once it is framed in the correct reference system; 2.There is a mathematical basis that links the orthodontic auxological laws, the biomechanical laws, and the laws of the auto-organizing processes of the living complex systems; and, 3.Network and Fuzzy cluster analyses provide methodologies for transforming heterogeneous radiographic data sets into biologic insights concerning the underlying mechanisms that may represent a reliable paradigm for individual craniofacial growth investigation and prediction.
Supplementary material
Supplementary material is available at European Journal of Orthodontics online.
